Abstract-Plug-in electric vehicles (PEVs) are a rapidly developing technology that can reduce greenhouse gas emissions and change the way vehicles obtain power. PEV charging stations will most likely be available at home and at work, offering flexible charging options. Ideally, each vehicle will charge when electricity prices are relatively low, to minimize the cost to the consumer and maximize societal benefits. A demand response (DR) service for a fleet of PEVs could yield such charging schedules by regulating consumer electricity use during certain time periods, in order to meet an obligation to the market. We construct an automated DR mechanism for a fleet of PEVs that facilitates vehicle charging to meet the needs of the vehicles and satisfy a load scheduling obligation. Our dynamic algorithm depends only on the knowledge of driving behaviors from a previous similar day, and uses a simple adjusted pricing scheme to instantly assign feasible and satisfactory charging schedules to thousands of vehicles in a fleet as they plug-in. The charging schedules generated using our adjusted pricing scheme can ensure that a new demand peak is not created and can reduce the consumer cost by over 30% when compared to standard charging, which may also increase peak demand by 3.5%. In this paper, we present our formulation, algorithm, and results.
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Index Terms-Demand response, energy management, plug-in electric vehicles, smart grid. A PLUG-IN electric vehicle (PEV) is any vehicle that uses electricity from the grid as an alternative to liquid fuel. These vehicles will be able to plug-in and control which times during the connection period the vehicle battery will actually charge. This capability will allow consumers to charge their vehicles during off-peak hours, usually resulting in a reduced cost to the consumer. The algorithm we propose coordinates vehicle charging schedules using threshold prices to lower consumer costs and increase system reliability. For example, suppose a vehicle is plugged in from 6 P.M. until 7 A.M., giving an 11-hour window in which the vehicle can charge. If the battery can obtain sufficient charge in one hour, this charge can be scheduled to occur during an ideal hour between 6 P.M. and 7 A.M., which takes into account the electricity price, electricity load, and individual vehicle battery state of charge and driving schedule. This will reduce consumer cost of charging and help cultivate a balance between the electricity supply and the demand. In order for PEV charging to be advantageous for both the PEV owners and the utility, a mechanism is needed that receives information from both the vehicles and the system dispatcher to facilitate 1949-3053 © 2012 IEEE vehicle charging. In this paper, we design an algorithm for such a mechanism that can be used by an aggregator.
NOMENCLATURE:
Definition 1: An aggregator manages the communication and electricity distribution between a group of electricity consumers and an electric utility.
Existing demand response (DR) programs are not automated and focus on the commercial and industrial sector, with a small number of large customers who typically use hundreds of kilowatt hours (kWh) per day [1] . By contrast, some estimates say there may be 100 million PEVs on the road in the United States by 2030 [2] and each PEV battery will generally require a few kWh each day. Thus, an automated DR program that manages the transactions between a fleet of PEVs (say, around 10 000) and their utility would be more convenient and scalable to large fleets of vehicles than the alternative of human-operated DR for each consumer.
A. Contribution
In this paper, we describe an automated mechanism to perform DR with a fleet of PEVs. Our work considers the impact of PEV charging on the electricity generation and distribution sectors, and sufficiently charges a fleet of PEVs while satisfying a load scheduling obligation to the market.
Definition 2: A fleet of vehicles meets a load scheduling obligation if the total net charge stays below an upper limit determined by the aggregator and electric utility.
Without such a scheduling obligation, a new peak demand could be formed, which may result in a need to build more generators. On the distribution side, transformers for a neighborhood are built to sustain a certain amount of demand, and increased electricity usage from PEV charging may decrease transformer reliability [3] .
Our work provides three novel contributions that have not been jointly considered in previous works. First, we do not assume the aggregator knows the exact driving schedule of each PEV before it plugs in. Second, our algorithm is online and determines charging schedules instantly as vehicles plug-in. And lastly, our algorithm meets a load scheduling obligation, whereas previous works do not consider the impact of fleet charging on the electric utilities.
Our algorithm constructs adjusted hourly "prices" that take into account a scheduling obligation, transportation of the fleet, and electricity and gasoline pricing. Users of such a model will benefit by charging at the lowest cost while minimizing their impact on the grid. It can be assumed that the aggregator in our model will find the mean hourly electricity cost for fleet charging over the given time period (using our proposed mechanism) and charge each user a flat hourly rate equal to this mean energy cost. The cost to the user and the impact to the grid and all consumers will be much smaller than if users were to simply plug-in and charge their vehicles without such a mechanism (a behavior demonstrated in Algorithm 2).
Vehicle charging schedules will be based on these adjusted prices and determined instantly as vehicles plug-in, without knowing the energy needs of subsequent vehicles to plug-in. The resulting schedules will meet the energy needs of the fleet while meeting a scheduling obligation. For example, our algorithm can help ensure that the altered load is below an hourly threshold, which is a key feature to maintaining the stability of the power grid.
Our mechanism can be implemented as a device attached to each vehicle in a fleet; these devices can communicate with the aggregator and regulate vehicle charging. Such a device is a practical extension of services currently offered by PEV charging stations, which allow the user to control charging but require settings to be determined by the user [4] . This could be implemented by utilities or other entities that can provide such a service on a voluntary, contractual basis with electricity consumers and fleet owners.
An aggregator's role is between these devices and the dispatcher to establish and monitor market supply and vehicle demand. Such managed charging is often envisioned to be an opt-in service, which would require minimal consumer effort and the energy stored in the battery would be sufficient to meet the transport load.
B. Motivation
It is projected that by the year 2030, between 6% and 30% of vehicles in use will be PEVs [5] . These vehicles will run on energy provided by a battery that will charge from the grid, which suggests an increase in electricity demand. The Electric Power Research Institute (EPRI) showed that in the worst case, the increase in required total grid resource capacity will be 5-6%, and smart charging, i.e., shifting some charging to off-peak hours, will decrease the impact to only 1-2% [5] . In a collaborative work between Better Place and PJM Interconnection, Schneider et al. showed that controlled charging can reduce consumer energy costs by 45% [6] .
C. Related Work
A number of papers in the field of electric transportation have established the benefits of smart charging, including [5] , [7] - [9] . However, there is currently no standard agreement on how to manage PEV charging. No previously proposed algorithm is based on a relatively small amount of historical information and dynamically creates charging schedules for thousands of vehicles in a fleet while meeting an external scheduling obligation.
Han et al. in [10] use dynamic programming to assign charging schedules that provide frequency regulation. Similarly, Wu et al. constructed an algorithm to make online decisions for lowest-cost charging schedules of PEVs [11] . Neither of these works considers an obligation to the market that needs to be met, and both suggested algorithms could result in an increased peak demand. In [12] , Ma et al. establish a decentralized algorithm that determines an equilibrium price so that the total amount of charging done in the fleet fills the overnight demand valley. This algorithm considers the impact of PEV charging on the electricity demand, but is not dynamic (i.e., it solves an offline problem) and assumes only a few types of driving behaviors exist. A dynamic (or online) algorithm does not require that all vehicles are connected to the grid at the same time to report their exact future driving schedules and makes decisions without knowing the exact demands and plug-in times of the entire fleet.
Our algorithm depends only on historical data, or a few hundred driving behaviors from a previous similar day. The implementation is very simple: a set of unique adjusted "prices" is generated for each driving behavior and charging is allocated among hours with the lowest adjusted price value. This pricing scheme will allow a distribution of electricity to thousands of PEVs in a fleet while meeting a scheduling obligation. It is assumed that vehicles will plug-in when they are parked for at least an hour. We use real data on driving behaviors, electricity loads, electricity and gasoline pricing, and vehicle characteristics to generate our results.
II. PROBLEM DESCRIPTION An aggregator will make commitments to both the PEV consumers and their utility. To the consumers, vehicles will plug into the grid at various times and the aggregator will commit to providing each PEV with enough energy to drive. To the utility, the aggregator will commit to a load scheduling obligation.
In our formulation we represent the load scheduling obligation as an upper bound on the additional hourly demand caused by fleet charging.
Definition 3: A charge cap is an upper bound placed on the net charge done by the fleet in each hour, given the base electricity demand.
The value of the charge cap can be determined by the aggregator and agreed upon by the electricity utility, to ensure vehicles can charge sufficiently while meeting the obligation. For example, say an aggregator manages a neighborhood of 100 homes with 30 PEVs. On a given day, if the aggregator determines that the charge cap can be the maximum peak demand value of the 100 homes (without PEV charging) on that day, then no new peak will be created.
In our model, the charge cap is an output of the formulation. Given the expected demands of the fleet and the base electricity load before accounting for the PEVs, the aggregator can use the formulation (CLP) to determine lowest feasible value of the charge cap. That is, the charge cap will be a decision variable that is minimized in the objective function.
The charging schedules of the fleet should: 1. be determined instantly as vehicles plug-in, 2. provide enough charge to each PEV to meet its transport load, 3. meet the load scheduling obligation, and 4. reduce the cost to the consumer. Our algorithm is based on linear programming theory and achieves all of the above for a time period of hours in the future, where is easily adjustable.
Assumptions
We use real driving patterns for our simulations. Our mechanism considers plug-in hybrid electric vehicles (PHEVs) that receive power from both gasoline and electricity, and battery electric vehicles (BEVs) that only receive power from electricity. If the daily transport load amounts to less than 70 miles, the corresponding vehicle is assumed to be a BEV; otherwise, it is assumed to be a PHEV. We assume that each vehicle battery is full at the start of the first hour, and PHEVs start with a full gasoline tank. Our simulations also assume a one-third penetration of PEVs, that is, there is assumed to be one PEV for every 3 households.
Vehicles are assumed to plug-in periodically and report their driving schedule for the next hours. Our results mainly consider hours (or 5 days) and solve (CLP) once at the start of the 5-day period. Our final results consider to reduce end effects; in simulations with a shorter time-horizon, the end-effects were still present, but were not present in simulations where . In our simulations, vehicles plug into the grid when parked for at least one hour. The realized driving schedules are assumed to be exactly equal to the reported schedules; we plan to relax this assumption in future work.
We assume an aggregator will exist and can collaborate with the market to determine a charge cap. Information on vehicle specifications and expected driving schedules can be obtained from vehicles when they are plugged in. The electricity and gasoline prices are known ahead of time, although we assume that each participant pays a low-cost fixed flat rate for the service. We assume electricity prices do not change, i.e., pricing is not dynamic. We also assume a few hundred (say, 400) driver behaviors from a similar day and region are known, in addition to the predicted electricity load for the next hours.
A. Clustering
An estimate of future driving loads is necessary to determine a feasible charge cap and ensure the energy demands of the fleet are met. Since it is impossible to predict the exact driving behaviors and available charging times of individual vehicles of a fleet, we use clustering to estimate the expected future demand [13] .
If the exact future driving schedule of each fleet vehicle were known, a linear program that minimizes the consumer cost while ensuring the vehicle demands and the scheduling obligation is met would be prohibitively large. Our testing showed that solving this problem for a fleet of 10 000 vehicles over a 5-day period takes hours on a single workstation. Thus, instead of considering the micro-level linear program in which the aggregator estimates the possible driving patterns of each vehicle, we consider a few hundred possible driving patterns and their aggregated demands in (CLP). These data can be previous driving schedules from a relatively small population. After solving the aggregated linear program, we obtain adjusted "prices" and use them to dynamically assign feasible and satisfactory charging schedules to thousands of individual vehicles within milliseconds of a connection to the grid.
Allocating charge to each vehicle in the hours with the lowest electricity price will guarantee the lowest cost to each driver, but generally results in an increase in peak electricity demand; this is the method used in [11] .
Determining the approximate needs of the fleet before assigning individual schedules will ensure the demands of each vehicle can be met while meeting the scheduling obligation. Because the aggregator does not have perfect foresight and it would be too complicated to keep track of what each individual vehicle may possibly do, we use clustering to estimate the expected future demand.
Definition 4: A base driving profile is a set of driving distances, departure and arrival times over an -hour period that is the best fit to similar driving patterns of a relatively large number of drivers.
Let be the number of vehicles in the fleet and be the time horizon. We write the driving load of each vehicle as a vector , where the element is the number of miles driven in hour . Let represent the charge cap value for the -hour period.
The aggregator will cluster a set of transport load vectors from a previous, similar day to obtain a set of base driving profiles. When a vehicle plugs in, it is matched with the most similar base driving profile. That is, if is the mean transport load of vehicles in cluster , vehicle will be matched with cluster . Properties of this corresponding cluster are used to determine the individual charging schedule. For our clustering, we used real driving schedules from the National Household Travel Survey (NHTS) [14] . The survey contains the driving schedules of over 150 000 individuals, each for a 24-hour period. We took data for each individual and formatted it as a vector . The -means clustering algorithm [13] with Euclidean distances is used on the transport load vectors. We determined the number of clusters to form by measuring the distance from each vector in a cluster to its centroid; our analysis showed that forming clusters was optimal and no more than 43 clusters could be formed.
B. Linear Programming Formulation
We use actual driving patterns of vehicles to form 37 clusters of driving behaviors for a similar previous -hour period. The vector will represent the total sum of the transport loads of vehicles in cluster . That is, for being the mean transport load of vehicles in cluster , and if there are vehicles in cluster , then . The decision variables for cluster , , represent the total electricity storage, charging, gasoline storage, fueling, and generation for all vehicles in the cluster. A list of parameters and variables for cluster are given in Tables II and III. The value of is chosen so that will be as small as possible while meeting the energy demands of the fleet. The variable is scaled by and minimized in the objective function of (CLP), with the objective of minimizing the energy costs to the fleet while determining the smallest feasible charge cap value.
The term in the objective represents the short term (e.g., 120 hours) capacity installation cost in the objective function, or equivalently the cost of exceeding or raising the cap. The term represents the short term energy cost.
The parameter represents the cost of increasing the capacity at any time, within the time frame of the formulation. The value of the scaling factor can be chosen by the aggregator to adjust the weighting of the charge cap in the objective against the fleet energy costs. A relatively large value of may result in a lower charge cap value, but a higher energy cost. Similarly, a relatively small value of may result in a higher charge cap value, but a lower energy cost. Absent a true reference cost for this value, we attempt to strike a balance between these two options by choosing such that is on the same order of magnitude as the expected energy cost.
We include the cost of fuel in the objective function in order to allow for the possibility that fuel may cost less than electricity, although this is not often the case. However, if the driver would incur a smaller cost by fueling the vehicle instead of charging it, this mechanism could alert the driver to fill the tank rather than charge the battery. This will ensure the minimum possible cost for the driver, given a number of operational scenarios.
The following clustered linear program, (CLP), finds feasible charging, fueling, and generating schedules, , for each cluster , such that the total driving demands of all vehicles in the cluster are met, while minimizing the energy cost and a penalty, scaled by , on the charge cap. We use Matlab vector notation, where refers to the elements of . This formulation will act as a proxy for the aggregate behavior of the actual fleet: See equation at the bottom of the page.
The first constraint updates the battery storage amount and the second updates the gasoline storage amount. The third and fourth constraints ensure that a vehicle can only fuel and generate electricity when the vehicle is driving and that the battery can only charge when the vehicle is parked for at least an hour. The second-to-last constraint ensures that the hourly net charge is below the charge cap, . And the last constraint ensures the variables stay within their physical bounds.
Because , the dual variables on the far right in (CLP) have the dimensions (1) The linear program (CLP) has the dual problem shown in the equation at the bottom of the next page, where is the identity matrix with the columns corresponding to the hours cluster is not driving "zeroed out," and is the identity matrix with the columns corresponding to hours the cluster is driving "zeroed out," i.e., . In our testing, clustering the data took around 0.3 seconds and solving (CLP) can be done in about 40 seconds on a single workstation. Note that (CLP) is solved only once to find the dual variables, before the dynamic portion of the algorithm assigns charging schedules.
III. CONSTRAINT-ADJUSTED PRICING
Our dynamic algorithm uses properties of the dual clustered linear program (DCLP) to create adjusted "prices" for each cluster, so that allocating charge among the hours with the lowest adjusted price will result in a feasible and satisfactory solution. We call these new prices constraint-adjusted prices, because they use the variables in the second constraint of (DCLP) corresponding to the primal variable , (2) where are slack variables. By strict complementarity, for any hour , if , then , and if , then , where is the maximum charge rate of cluster . The value (3) can be thought of as a vector of constraint-adjusted prices over the next hours for cluster that takes into account: the charge cap, electricity price, current battery energy storage, and the vehicle's driving schedule. Fig. 1 shows an example of the constraint-adjusted prices, along with the electricity price, total charge allowed, and driving schedule for a vehicle over a 24-hour period, where each set of values is normalized by its -norm. Here, the total charge allowed is the amount of electricity the scheduling obligation allows for the fleet to charge, i.e., it is the charge cap value minus the base electricity demand. The electricity load is based on a Monday in August 2011 in the PG&E transmission area, and the prices are PG&E baseline summer time-of-use (TOU) rates. In this example, the charge cap variable is constant across all hours, and the optimal value as determined by solving (CLP) was determined to be the value of the daily peak demand.
Note that the constraint-adjusted price is never zero; these are normalized values and the constraint-adjusted price becomes relatively very small when the supply is large. The constraintadjusted price starts relatively large, because the vehicle starts with a full battery.
The constraint-adjusted prices represent the hourly marginal energy cost to the market of when considering the above factors, as is shown in Fig. 1 . The adjusted price increases when the vehicle is driving and when the total charge allowed is small. Note that the constraint-adjusted price also takes into account the hourly electricity price, so the vehicle will charge in hours with the lowest cost, but additional factors are also considered. A mechanism using the constraint-adjusted prices to determine vehicle charging would assign charging schedules that satisfy both the consumers and the market.
For each cluster , there is a set of constraint-adjusted prices,
. Every vehicle in the fleet will be assigned to a cluster, based on its driving schedule, and use the corresponding constraint-adjusted price to determine the best charging schedule. Each cluster uses different constraint-adjusted prices to ensure that the charging of the fleet will be sufficiently diffused throughout the time period to ensure the load scheduling obligation is met.
As each vehicle plugs in to the grid, it reports its expected driving schedule for the next hours. Algorithm 1 uses the constraint-adjusted prices for the next hours to instantly determine feasible low-cost charging schedules. The mechanism will sufficiently charge the battery (and notify the driver to fill the tank, if necessary) during the feasible hours where the constraint-adjusted price is the lowest. In Algorithm 1 , the second step [that is, solving (CLP)] is executed only once at the start of the -hour period, implying that each vehicle's charging schedule is assigned as it plugs in, using the constraint-adjusted prices, and this schedule will not change unless the vehicle unplugs and plugs in again. 
IV. COMPARISON ALGORITHMS
In general, the comparison baseline is the estimate of electricity usage in the absence of DR [15] . We compare Algorithm 1, Constraint-Adjusted Pricing, to a number of other possibilities, resulting from either a lack of DR or from a DR mechanism that allocates PEV charging differently. We compare three standard measurement and benefit features [16] from each algorithm: consumer cost, increase in peak demand and total energy used.
Algorithm 2, Standard Charging, represents PEV charging without DR: vehicles charge at the maximum rate until the battery is full or the vehicle is unplugged.
Algorithm 2 Standard Charging
for each vehicle that plugs in to the grid do while battery is not full and vehicle is plugged-in do -Charge the battery at the maximum rate end while end for Algorithm 3 represents DR mechanisms currently in place: vehicles charge only when needed, in the hours with the lowest possible electricity price. As described in [17] , this is an economic-based DR program. Note that electricity is generated from fuel only when the vehicle is driving. Lastly, we compare our algorithm to one that uses the primal solution variables of (CLP), instead of the dual. Algorithm 4 assigns schedules so that each vehicle depends on power from charging, generating, and fueling in the same ratios and in the same relative percentage in each hour as in the primal. For example, if a cluster obtains of its energy from charging, then so will every vehicle in this cluster; if , is the respective ratio of total charge cluster does in each hour, then the amount of charge in each hour for vehicles in cluster will be in the same ratios. 
V. RESULTS
Our results show the resulting charging schedules for a fleet of 10 000 PEVs over a 5-day or 10-day period. We compare Algorithm 1 to the comparison algorithms to determine the advantages of constraint-adjusted pricing using real data, including: -driving patterns in urban California, obtained from the NHTS dataset [14] , -electricity loads in the PG&E transmission area for the week of August 22-28, 2011 [18] , -PG&E baseline summer TOU rates [19] , -the mean gasoline price in the zip code 94305 on August 31, 2011 [20] . 3 shows a similar plot over a 10-day period, also for a fleet of 10 000 PEVs. Again, the base load augmented with the charging schedules from Algorithm 1 stay within the charge cap determined by (CLP). The corresponding table to Fig. 3 also shows the total cost for the first 5 days of the 10-day period (i.e., days [1] [2] [3] [4] [5] . This is to show that a 5-day period is sufficiently long to avoid end effects, because the cost for the first 5 days in Fig. 3 is within 1% of those from Fig. 2 .
The statistics in Tables IV and V are the mean values taken over 250 simulations of a fleet with 10 000 vehicles for 5 days. Each simulation uses a different fleet of vehicle driving schedules sampled from the NHTS. We assume that each vehicle plugs in over a 12-hour period and each vehicle starts with a full gasoline tank and battery. The costs listed below account for the cost of electricity and gasoline used to drive the vehicles, i.e., the costs of charging and fueling in the 5-day period and previously stored energy that is used for driving. Fig. 2 shows the baseline electricity load, along with the augmented load when a fleet of 10 000 PEVs charge according to each of four algorithms. The charge cap determined by (CLP) is also shown and as planned, the load augmented with charging schedules from Algorithm 1 stays within the charge cap. The augmented loads resulting from lowest-cost charging and standard charging clearly create new peak demands.
Our algorithm, Constraint-Adjusted Pricing, is the only algorithm simulated that does not increase peak demand. With 33% of households owning a PEV, standard charging results in a 3.5% increase in peak demand, and Lowest-Cost Charging results in a 9.8% increase.
The total consumer cost of charging a PEV using ConstraintAdjusted Pricing is more than 30% less than from Standard Charging, and equal to Lowest-Cost Charging. However, Constraint-Adjusted Pricing is significantly better than Lowest-Cost Charging in terms of peak power increase, that is, Lowest-Cost Charging will not satisfy a market charge cap. Moreover, our clustered linear program (CLP), which finds the constraint-adjusted prices, was solved in under a minute on a single workstation. Therefore, when considering consumer costs along with an increase in peak power demand, Constraint-Adjusted Pricing out-performs each algorithm in this comparison.
VI. CONCLUSIONS
We constructed a dynamic mechanism to sufficiently charge a fleet of PEVs while satisfying a load scheduling obligation to the market. Our mechanism presents three main contributions: we do not assume ex-ante knowledge of driving behaviors, our algorithm is online and instantly assigns charging schedules to individual vehicles, and our algorithm meets a load scheduling obligation to the market.
Our algorithm depends only on the knowledge of a few hundred driving behaviors from a previous similar day. We use a simple adjusted-pricing scheme to allocate charging in feasible and satisfactory hours. Our results show that Constraint-Adjusted Pricing out-performs each comparison algorithm when considering consumer cost, increase in peak power demand and total energy used.
As a final remark, we note that actual driving patterns may differ from the expected patterns, yet the linear program (CLP) uses the mean (or expected) transport load of vehicles in the cluster. This can be made robust by modifying the first constraint of (CLP) to:
where is the variance of transport loads in cluster and is a properly chosen constant. Algorithm 1 can be made robust by charging vehicles more than needed. Moreover, stochasticity of driving behavior is expected to be limited at the fleet level and reduce as the fleet size grows. Addressing this uncertainty in driving patterns is ongoing research that will be included in future work; however, in this work we assume exact driving schedules are known.
